Abstract-Feedback-error learning (FEL) neural network was developed for control of a powered trans-femoral prosthesis. Nonlinearities and time-variations of the dynamics of the plant, in addition to redundancy and dynamic uncertainty during the double support phase of walking, makes conventional control methods very difficult to use. Rule-based control, which uses a knowledge base determined by machine learning and finite automata method is limited since it does not respond well to perturbations and environmental changes. FEL can be regarded as a hybrid control, because it combines nonparametric identification with parametric modeling and control. This paper presents simulation of a powered trans-femoral prosthesis controlled by a FEL neural network. Results suggest that FEL can be used to identify inverse dynamics of an arbitrary trans-femoral prosthesis during simple single joint movements (e.g., sinusoidal oscillations). The identified inverse dynamics then allows the tracking of an arbitrary trajectory such as a desired walking pattern within a multijoint structure. Simulation shows that the identified controller responds correctly when the leg motion is exposed to a perturbation such as a frequent change of the ground reaction force or the hip joint torque generated by the user. FEL eliminates the need for precise, tedious, and complex identification of model parameters.
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I. INTRODUCTION
T HE International Standards Organization (ISO) for prosthetics adopted the term trans-femoral prosthesis for an artificial leg that replaces a part of the thigh, the knee joint, and the shank-foot complex. A good trans-femoral prosthesis should allow an amputee to do many of the things, which were only possible before the amputation. If the above-knee amputee is to have a normal appearance while walking, the prosthesis must have a knee joint that controls buckling of the knee while the user rolls over the artificial foot during the stance phase of walking. The knee joint needs to be controlled during the swing phase (flexion and extension) in order to ensure that the trans-femoral prosthesis adapts to the environmental changes. The simplest way to achieve this was to use mechanical friction at the hinge joint connecting the thigh to the shank. Mechanical linkages between the socket and shank were introduced in order to provide better control during stance and swing walking phases. Such designs are known as polycentric knees and when instrumented with a hydraulic device allow variable walking speeds [1] . Inverse dynamics and optimization techniques were used to analyze gait aimed at a better design of the prosthesis' elements, with specific emphasis on increasing stance phase stability [2] . Design of the UT knee prototype [3] provided better stability and safe powerful push-off. In this design, a four bar linkage mechanism decreases the range of movement, thus a six bar mechanism was designed to increase flexion for AfroAsian life style [4] . The WLR-7R version of Waseda leg allows descending and ascending stairs with no external power sources. Hydraulic circuit mounted in the shank is controlling the knee and the ankle joints that are mutually counterbalanced during the stance phase in stair walking [5] , [6] . Here, a microcomputer controlling the knee joint brake mechanism uses finite state model of locomotion while myoelectric signals deal with both stance and swing phases, allowing for a limited environmental adaptation [7] . Knee flexion during early stance phase is important to decrease the energy consumption. This was achieved with two coaxial hinge joints in the knee: one for the swing phase, and the other for the stance phase of the walking cycle [8] . Simulation of adaptive control where the knee joint stiffness is variable demonstrated that powered knee joint is important for natural-like walking [9] . Microcomputer control of the hydraulic system affecting stiffness, in both flexion and extension from free to lock states, was introduced by James [5] . C-leg [10] is the first completely microprocessor-controlled knee joint system commercially available from Otto Bock, Germany. Electronic sensors supply basic data for stance-phase stability and stance-phase control. This is the closest approximation to natural gait where subjects no longer have to think about walking. Feet, which are currently available with the C-leg, can be divided into two classes: articulated (with moving joints) and nonarticulated. The single axis foot provides for ankle action in the sagital plane, a multi-axis is allowing up to three constraint rotations in the ankle. The nonarticulated feet include a solid-cushion heel and a flexible endoskeletal structure [1] , [10] .
Available trans-femoral prostheses are still not good enough to ensure natural-like walking [11] . Powered trans-femoral prosthesis has been suggested [12] , but the technology and control were not adequate. Controlling a powered leg is complex because of several factors: 1) during the double support phase of walking the system forms a closed kinematic chain, thus dynamically undetermined structure, 2) the mechanics of the human locomotor apparatus is redundant, 3) both open-loop and closed-loop control require the trajectory that is not known in advance, and 4) perturbations are highly plausible. Optimization using dynamic programming [13] , [14] was developed for off-line simulation of the trans-femoral prosthesis. Liapunov method in output space for control of the artificial leg was described in detail in our earlier studies [15] . The algorithms listed are not applicable for real time control, but only for biomechanical analysis and designing of prosthetic components.
Control for active trans-femoral prosthesis can be achieved [16] by implementing rule-based approach that is, relations between the input (trajectory) and output (joint torque) of the system. The control of locomotion benefits from machine learning techniques because the nonlinearities and time variations of the plant dynamics are not considered explicitly [17] - [22] . Rule-based control works the best only if applied within a hierarchical structure where the lower level of control includes the dynamics of the plant. This paper combines the dynamic approach with the FEL, a physiologically based neural network strategy. A similar approach for controlling knee position in external control of legs of a human with paralysis was recently presented in literature [23] .
II. THE FEEDBACK ERROR LEARNING SCHEME Feedback error learning (FEL) [24] uses machine mapping to replace the estimation of parameters within the feedback loop in a closed-loop control scheme. FEL is a feed-forward neural network structure which, when training, "learns" the inverse dynamics of the controlled plant ( Fig. 1 ). This method is based on contemporary physiological studies of the human cortex [25] , [26] .
The total control effort applied to the plant is the sum of the feedback control output and network control output. The ideal configuration of the neural network would correspond to the inverse mathematical model of the system's plant. The network is given the information of the desired position and its derivatives, and it will calculate the control effort necessary to make the output of the system follow the desired trajectory. If there are no disturbances the system error will be zero.
The configuration of the neural network should represent the inverse dynamics of the system when the training is completed. It was prudent to use a total energy approach as basis for the neural network, because only the commanded input and its first derivative are required for the FEL controller. By comparison, if the FEL is based on the mathematical model, the second derivative would also be required for the neural network to operate [27] , [28] . Fig. 2 depicts a more in-depth explanation of the FEL strategy. The system input and output are labeled and . The proportional-plus-derivative (PD) feedback controller is included to provide stability during training of the neural network [29] - [32] . Enclosed in the dashed rectangle is an FEL controller, which outputs the necessary control signal, based on the desired inputs. The total energy of the system ( ) is calculated through parallel processing within the neural network, consisting of the functionals ( ) obtained from the total energy expression, and the synaptic weights , and . In addition to the above-mentioned synaptic weights, is associated with damping losses. The training of the FEL controller is facilitated by changing the synaptic weights based on the output from a PD controller. The learning rule used is based on the Hebbian learning scheme and it was proposed by Kawato, Furukawa, and Suzuki [29] in the following form: (1) where new value of the synaptic weight; old value; output from the PD controller; network functional associated with weight ; learning rate; integration step used in the computer simulation. A learning rate is included to control the rate of growth of the synaptic weights. The learning rule [29] is based on the assumption of slow growth of the synaptic weights. The weights are initialized at zero, and the learning rates adjusted so the growths of the weights are uniform. This causes the weights to reach their final value at the same point in time, causing the error to approach zero. Subsequently, the learning as a function of error will level off, and the training of the neural network will be completed. However, if the growth of the weights is not homogeneous, it will result in an unbounded growth of the weights. The vertical line in Fig. 2 pointing upward through , and symbolizes the learning. After the total energy is calculated, the time derivative is taken and divided by the desired velocity. The losses are calculated by multiplying the desired velocity by the weight , and are then added to the control signal. Finally, the control effort from the FEL controller is added to the PD control effort.
In essence, the output of the feedback controller is an indication of the miss-match between the dynamics of the plant and the inverse-dynamics model obtained by the neural network. If the true inverse-dynamic model has been learned, the neural network alone will provide the necessary control signal to achieve the desired trajectory [32] . During the initial training period, the control signal generated by the neural network is small compared to the signal from the PD controller. However, as the number of learning trials increase, the signal from the neural network will be more dominant. If the weights in the network are converging to the "true" system parameters the network output will finally be the total control effort. At this point the training is completed.
III. ENERGY OF THE TRANS-FEMORAL PROSTHESIS-BASIS FOR THE FEL
The model of a powered trans-femoral prosthesis is a kinematic chain of two rigid bodies. This system interacts to the human body over a custom designed socket. This assumes a firm contact at the stump to socket, with no relative movement [1] . The model could include a passive joint at the interface, where the stiffness and elasticity would allow limited movements of the stump relative to the socket, but it would only complicate the analysis since this is not a controllable joint. Adopting the socket and the stump, as well as the shank as rigid bodies is realistic for an endo-skeletal prosthesis. Shift of the point where the resultant reaction force passes the sole of the foot and variability of the pattern of contact during stance are complex problems that have been considered. The model used for this study (Fig. 3) has been shown valuable for various analyzes and provided necessary background for the design of powered trans-femoral prostheses. The simulations did not take into account the heel impact and effects of storing of energy in the prosthesis during the loading period of the gait cycle.
The following assumptions were introduced for the derivation of energy of the model: 1) leg model was reduced to a double pendulum with only hinge joints, 2) hip joint was considered as a moving point. The motion of the hip was assumed to be only in the horizontal direction, 3) viscous type friction was adopted in prosthesis joints, 4) dynamics of the actuators was neglected because of their small time constant compared to time constants of the other elements in the system, and 5) segments of the prosthesis were modeled as rigid bodies.
From the model of the prosthesis shown in the Fig. 3 , it can bee seen that the distance from origin of the rectangular Cartesian coordinate system, placed at the hip joint, to the center of gravity of the thigh and the shank can be expressed in vector form as
The square velocities of the links are given by
The total energy for the prosthesis can be presented as a sum of two components: kinetic and potential energy, as (6) (7) where and are the moments of inertia.
The total energy can then be expressed as a function of the displacements and velocities. However, the potential energy should be a positive definite equation, i.e., the total energy of the system is positive for all values of , and zero when and are both zero. The total energy is (8) The parameters for the plant used for simulation were taken from [11] , and are shown in Table I .
IV. TRAINING OF FEL
The simulation of FEL was run link by link. That is, when link one is moving, link two was held at a constant angle and visa versa. This method was used to avoid dynamic coupling effects from simultaneous motion of both links. For this same reason, the movements were trained one link at a time; we refer to this as modular training. The training was done by moving one link in a sinusoidal path, keeping the other link at some arbitrary position, and following the training rule given in (1). As training proceeds, the performance of the system is improving and the weights are approaching their "true" values. In order to determine the success of learning, the mathematical model must be known; consequently, the "true" values of the weights can be calculated. This differs from a real time implementation of FEL, where the "true" values are not available, and where the FEL would be the only tool for identification of inverse dynamics. The mathematical model is given in the Appendix.
When training of both links was completed, the FEL controller can be run with a different configuration. As under training, one separate neural network was used for each link. A detailed outline of the network is given in Fig. 2 . The values of the weights obtained from training were used in the neural networks, without any further change in numerical value. Fig. 4 shows the implementation of the FEL.
The inputs are shown on the lower left side of the figure. The desired thigh angle is , the desired shank angle is and is the desired horizontal position of the hip joint of the prosthesis. Network #1 controls the thigh joint and network #2 controls the shank joint. In addition, all three degrees of freedom are initially under temporary PD control.
V. NETWORK FUNCTIONALS AND WEIGHTS
Network functionals given in Fig. 2 have to be found for both networks. Thigh parameters and weights are determined by setting and equal to some arbitrary constant, which is the same as keeping the shank at a fixed position relative to the thigh and making the prosthesis stationary in the horizontal direction. Choosing an angle or position of value zero is not desirable because it results in zero learning since the displacement is a factor in the learning law. A fixed displacement will make the time derivatives of and equal to zero, which reduces the expression for the energy to (9) Collecting terms gives the total energy for moving the hip (10) The terms in front of each variable are the weights that have to be determined during simulation. As per Fig. 2 , is the damping parameter (units Nm/s) added after the division by the desired velocity in the block diagram. Using the same procedure, network functionals and the "true" weights for the shank can be found. Set and equal to some arbitrary constant. This will make all the time derivatives of and equal to zero, reducing the expression for the energy to (11) Collecting terms gives the total energy for the knee (12) The terms in front of each variable are the weights that have to be determined during simulation, while (units Nm/s) is the damping used in the way that is seen in Fig. 2 .
VI. SIMULATION RESULTS
The initial phase of using FEL neural networks (experiment one) was to train it in accordance with the principle of modular training, as discussed previously. The trajectory was a sinusoidal function. The learning rates were adjusted so that the convergence speeds of the weights were approximately uniform. The initial values of the synaptic weights were all zero. The training time was set to 1000 runs for both the shank and the thigh. A PD controller was used in a feedback configuration as shown in Fig. 4 . The PD gains used were and for the thigh, and and for the shank. The only criterion used to select the controller's gains was the stability of the system. Any other set of values which satisfy this condition would lead to satisfactory training results, as we verified in other experiments (not shown here).
It should also be noted that the weights, presented in the following figures, do not have the same units. Fig. 5 shows the synaptic weights and the errors (the difference between the desired and the actual trajectory of each of the segments) for both links during the training. It can be seen as learning proceeds, the error is decreasing and approaching its value to zero as the synaptic weights converge toward to the "true" values. Table II gives a comparison of synaptic weights and the "true" values. The network is considered trained after the described, experiment one. In the following phase, experiment two, the neural networks were implemented using the walking trajectory data [4] . This data was collected from an able-body subject while walking on a powered treadmill with the ankle joint constrained with a plastic ankle-foot orthosis. The testing of a trans-femoral prosthesis was done again by moving link by link, during the simulation with a switching interval of 0.29 s chosen to make an integer number of total link movements in one full walking cycle. The FEL system has a multi-input/multi-output configuration. The training was done link by link, and the system motion is also executed link by link. This requires a "switch" between desired trajectories every time one intends to move a specific member of the kinematic chain. For a given sampling rate, 0.29 s switching time allows for an integer number of switches between links during one gait cycle. The switching interval could have been chosen differently, and such a change would not affect the operation. The hip of the trans-femoral prosthesis was also moved along a horizontal trajectory under PD control, accelerated from 0 to 2 m/s in 2 s and TABLE II  THE FEL DETERMINED WEIGHTS AND THE TRUE VALUES OF SYSTEM PARAMETERS a constant speed after 2 s. The link with constant input trajectory was subjected to high PD gains to ensure a constant output angle. The total time for one cycle of the prosthesis was 2.14 s. Fig. 6 shows the tracking for 20 s of simulations of both links. It can be seen that the error is within 0.02 radian for the thigh and the shank. In experiment three a disturbance was introduced corresponding to the change of the ground reaction force. These components of the ground reaction force are labeled F and N (Fig. 3) having step magnitudes of 50N and 100N , respectively. The network was retrained using the same parameters as in experiment one. Fig. 7 shows the synaptic weights and the errors during training. Table II lists the final values of the synaptic weights.
The values for some of the weights are different from the values obtained in the experiment one. In the final experiment, number four, the neural network was implemented with the synaptic weights from the experiment three. Fig. 8 shows tracking performances and errors for both links when the disturbance acts on the prosthesis.
If we compare the errors determined in this experiment to the errors from the experiment two (no disturbance), along the expectation it is obvious that the errors are smaller in the experiment two. As said earlier in the FEL section, the error is bigger because in the experiment two the neural network represents the mathematical model of the system, while in the experiment four the neural network can only compensate partially for the disturbances; given that the disturbances are not included in the structure of the neural network. Partial compensation was provided by the networks' ability to generalize.
VII. DISCUSSION
Walking is achieved by coordinated movements of the body segments employing an interplay of internal and external forces, e.g., muscular, inertial, gravitational, and frictional. Actuator actions and efficacy depend on the mastery of the usage of external forces. The effective use of external forces is learned by central nervous system during the early childhood, and adapted to available biomechanical resources and environmental conditions during the life. Walking pattern is different from human to human, but there is a well defined set of trajectories (ground reaction forces, and joint angles) that have been recorded in humans of the same race, sex, and age group, and this pattern is called "normal walking." Allowing normal gait with a trans-femoral prosthesis is the aim when designing control algorithms.
Trans-femoral prosthesis is a greatly simplified replica of a human leg. Symmetry, efficacy, safety, and adaptability have to be built into the system in order to be accepted by an eventual user. Requirements, biomechanics, and level of activities of such a user are completely different. Controller for a trans-femoral prosthesis requires most of the said information in a form that is not available. Therefore, methods that can cope with unknown and uncertain parameters are a plausible solution for real-time control.
Modeling of a human body with the emphasis on the extremities is the prerequisite for control synthesis. Human extremities are unlike any other plant encountered in control engineering, especially in term of joints, actuators, and sensors. Simple extension of analytical tools used for the modeling of mechanical plants to biomechanical systems may easily produce results that are in sharp discrepancy with reality. Biomechanical models of the leg, as said earlier, require knowing the parameters with accuracy. It is impossible to determine precise parameters and use them for real-time control. However, estimation of some parameters of the model is possible, and customized models are very important for off-line simulation and design of elements to be used in assistive systems, such as trans-femoral prosthesis.
Hybrid, hierarchical control has been adopted (Fig. 9) as a base for effective restoration of normal walking. This control includes cloning of natural behavior at both coordination and execution levels. It was demonstrated [6] , [7] , [16] that rule-based methods are suitable for control of multijoint movements. Rules Fig. 9 . Hierarchical, hybrid controller for a trans-femoral prosthesis. The upper part shows a rule-based, finite-state coordination level of control described elsewhere [6] , [16] , while the lower part is for the FEL controller described in this paper. FEL controller brings the instrumental dynamics into finite state control following the principles found in natural control of extremities while walking [11] .
introduced so far, however, only present a finite state mechanisms thus it is favorable to incorporate the dynamics of the system.
The lower, execution level was assumed to rely on methods of feedback error learning. The FEL scheme has the following advantages [32] : 1) the teaching signal is not required to train the neural networks, instead the error signal is used for training, 2) the learning and control are performed simultaneously, and 3) back-propagation of the error signal through the controlled object or through the model of the controlled object is not necessary. The disadvantages are: 1) the convergence of the weights is sensitive to the learning rates. No method, besides trail and error, is known for adjusting the learning rates to guarantee the weights to converge to their "true" values, 2) the input and its first derivative have to be continuous for the neural network to control the system, and 3) the network has to be retrained if disturbances are introduced to the system. A drop in performance is expected even after retraining, because the neural network is designed from a kinematic analysis, which does not include any specific mechanism to deal with the disturbance. However, if the disturbance is known, it can be included in the neural network and full compensation results. Further, the neural network has an ability to generalize and will adapt to disturbances.
This paper provides the following answers.
1) The inverse dynamic model was identified within 1000 repetitions of training. The error was reduced to approximately zero when the training was completed. This means that the control performance of the FEL neural network improved dramatically during training and that the inverse dynamic model gradually took over as a main controller. The generalization of FEL was proved by comparing the values of the weights obtained by the training with the "true" values that have been calculated from the mathematical model. 2) Once the networks were trained they could control different movements than the ones used for training. Data collected from a human walking on a treadmill was used as a desired trajectory. Simulation shows that the tracking errors are within acceptable margins. 3) FEL can adapt to disturbances. Simulation including disturbances shows that the weights will converge even though the networks do not match the new plant including the disturbances. Some of the weights converged to different values at the end of the training compared to the undisturbed system. However, here also good tracking of the desired trajectory based on human treadmill gait was obtained. The future research in this area will concentrate on experimental verification of presented and encouraging simulation results.
APPENDIX DYNAMIC MODEL OF THE LEG
The Lagrange method was applied to get mathematical equations [4] . The mathematical model for the system is given by the three nonlinear, coupled second order differential equations where and thigh and shank angles to the vertical line; abscissa of the hip joint ( ); and masses and lengths of thigh segments; and masses and lengths of shank segments; and distance from the proximal joint to the center of mass of the thigh and the shank; and horizontal and vertical ground reactions; gravitational constant; and damping coefficients in the hip and knee joint; and inertial moments for the thigh and shank; and hip and knee torques that are to be determined by the FEL controller to achieve good performance for the prosthesis; horizontal component of the hip joint reaction .
